Abstract-Lung cancer nodules, particularly adenocarcinoma, contain a complex intermixing of cellular tissue types: incorporating cancer cells, fibroblastic stromal tissue, and inactive fibrosis. Quantitative proportions and distributions of the various tissue types may be insightful for understanding lung cancer growth, classification, and prognostic factors. However, current methods of histological assessment are qualitative and provide limited opportunity to systematically evaluate the relevance of lung nodule cellular heterogeneity. In this study we present both a manual and an automatic method for segmentation of tissue types in histological sections of resected human lung cancer nodules. A specialized staining approach incorporating immunohistochemistry with a modified Masson's Trichrome counterstain was employed to maximize color contrast in the tissue samples for automated segmentation. The developed, clustering-based, fully automated segmentation approach segments complete lung nodule cross-sectional histology slides in less than 1 min, compared to manual segmentation which requires multiple hours to complete. We found the accuracy of the automated approach to be comparable to that of the manual segmentation with the added advantages of improved time efficiency, removal of susceptibility to human error, and 100% repeatability.
INTRODUCTION
The World Health Organization (WHO) has established and regularly amends classification guidelines for lung cancer. 1 The principle of classifying lung cancers is to group patient populations with similar prognoses allowing the development and application of treatment approaches most likely to improve the clinical outcome. The WHO guidelines assist in the systematic categorization of lung cancers based on the origin of cancerous cells and their configuration. However, a cancer nodule is a complex biomass, containing cancerous cells as well as a variety of other cellular tissue types including but not limited to fibrosis and necrotic tissue. The arrangement of these various cellular tissue types in regard to proportions, adjacency, and intermixing is important to understand cancer growth and may significantly impact patient diagnosis, prognosis, and treatment planning.
In order to gain a comprehensive understanding of the content and architecture of the tissue type distributions throughout a nodule biomass, the cellular content of the nodule needs to be identified and segmented. Developing a method for the controlled evaluation of lung nodule architecture is advantageous to the clinical and research environment. A clear understanding of the composition and relationships between the histological tissue types comprising the lung nodule biomass is necessary to extend the knowledge of cancer growth patterns, clarify lung cancer classifications and outcomes, and to set sampling standards for biopsy-based diagnosis approaches.
Recent studies have found a valuable link between the proportion of tissue types, such as fibrotic component, within a lung nodule and prognosis. 6, 12, 16, 20, [23] [24] [25] Maeshima et al. found the fibrotic proportion of nodule content was an independent prognostic factor, with direct correlation between increased fibrotic component and decreased survival. 12 Suzuki et al. reported a similar finding in patients with primary lung adenocarcinomas of less than 3 cm. They found a 100% 5-year survival rate for patients with less that 5 mm diameter central fibrosis, and less than 74% 5-year survival for patients with a larger central fibrosis region. 23 Necrosis was found to be a negative prognostic factor in a study examining small-sized (<2 cm) adenocarcinoma of the lung performed by Inoue et al. 6 Furthermore, tumors with a necrotic component were found to have an elevated incidence of nodal invasion.
However, all of these studies have relied on the qualitative evaluation of histopathological sections to score or grade the appearance of a particular tissue type which only provides a limited understanding of the nodules complete composition. A highly valuable expansion of these previously reported studies is now achievable using the automated segmentation approach for the evaluation of lung cancer nodules, presented in this article. The developed segmentation approach is quantitative in nature and is not dependent on a human observer. In addition, the approach permits not only the evaluation of tissue type proportions but also the relationship between the present tissue types, across the whole nodule volume.
Characterization of the complex structural content of cancer nodules has been limited to sampling of twodimensional (2D) gold-standard histopathology data, with the assumption that the 2D perspective may be extrapolated to represent the volume. With advances in volumetric imaging techniques such as multi-row detector computerized tomography (MDCT), magnetic resonance imaging (MRI), and positron emission tomography (PET) imaging, it is becoming increasingly evident that corresponding volumetric histopathology would be highly valued. A comprehensive volumetric histopathology dataset for lung cancer nodules would overcome the sampling limitation for structural characterization and is required to assess the effectiveness of using random histological sampling to deduce the true nodule tissue architecture.
An extensive process model for the collection, manipulation, and image acquisition of volumetric multi-modality datasets of lung nodules has been developed. 21 A challenge with the designed process model was the time-consuming and subjective task of requiring expert pathologists to manually segment the tissue types of interest in the histology datasets. In this study we report the development of an automated technique for segmenting and labeling lung nodule tissue types from histology.
Previous studies investigating automated analysis of tumor histopathology have focused on the identification and assessment of nuclear morphology using standard Hematoxylin and Eosin (H&E) staining 7, 8, 18, 27 or immunohistochemical staining 2 for distinguishing between benign and malignant tissue samples. The outputs from these studies are aimed at incorporation into the clinical environment to assist with the automated analysis of biopsy samples, in particular for breast cancer. The aim of this study, however, is to develop a method in which a greater understanding can be achieved not only by the cancerous portion of lung nodules, but also the content and relationships within the complete biomass.
To assist in the automated segmentation of the cancerous and non-cancerous nodule content, we have explored and established a specialized staining approach which incorporates immunohistochemistry with a counterstain based on Masson's Trichrome. Masson's Trichrome is a useful three-color staining approach for generating high level contrast in histological data, in particular between collagen and other eosinophilic structures. 26 It has been widely applied in the areas of highlighting scar tissue, such as glomerulosclerosis of the kidney 11, 13, 22 or cirrhosis of the liver. 3, 10, 19 Combined immunohistochemistry and Masson's Trichrome staining have been previously utilized to assist in the assessment of myocardial infarction using both sequential sections 17 and by combining the immunohistochemistry with use of Masson's Trichrome as a counterstain. 9 However, the application of this combined staining approach to cancer data for assisting automated segmentation has not been previously described.
METHODS

Image Data
Eleven lobectomy specimens containing suspicious pulmonary nodules identified from radiographs were obtained from consented patients, according to the University of Iowa Institutional Review Board approval. Of these 11 lobectomy specimens all were found to contain cancerous nodules, seven were adenocarcinomas, three squamous cell carcinomas, and one neuroendocrine carcinoma. The excised lobes were processed as previously described by Sieren et al. 21 In brief, each lobectomy specimen was cannulated through the main airway and inflation-fixed using a modified Heitzmen technique. Following fixation the nodules were isolated from the surrounding lobe via gross dissection. A custom built system, termed the large image microscope array (LIMA), was utilized to sequentially image and section throughout the entire nodule mass at 250 lm intervals. 15 Each 250 lm nodule section underwent paraffin processing, was embedded and sectioned to generate a series of slides with 4 lm histology sections. Hence, the resulting histological dataset consisted of 4 lm histological sections at 250 lm intervals. Staining was performed and included one slide stained using standard H&E and additional slides stained with customized staining protocols established for the automated segmentation algorithm, as discussed below. The complete field of view of each generated histology slide, typically between 1 to 4 cm 2 , was digitized using a ScanScope slide digitizer (Aperio Technology Inc, Vista, CA) at a magnification of 209 resulting in an image pixel resolution of 2.54 lm.
Standard histological processing induces tissue distortion which prevents direct and accurate correlation between individual sections taken throughout the nodule. This is even more problematic in lung tissue, which has porous tissue architecture. Due to the unique imaging and sectioning process of the LIMA system coupled with the fixation process, the LIMA datasets contain no significant deformation of the tissue structure and can be used as a reliable basis to correct for the distorted histology data. Each digitized histology section image was non-rigidly registered via a landmark driven thin plate spline algorithm to the corresponding LIMA image. 21 Thus any disruption to the structure caused by histological processing was corrected, restoring the 3D relationship between individual histology sections. 21 
Manual Segmentation
The most widely used staining approach for clinical diagnosis of lung cancer is H&E. A surgical pathologist with a sub-specialty expertise in pulmonary pathology analyzed the digitized H&E histological images (J.W.). An Intuos graphics tablet and pen (Wacom, Vancouver, WA) were used to generate image masks corresponding to the different tissues types. An example of a tissue type mask generated by the manual segmentation of an H&E section of lung adenocarcinoma tumor is shown in Fig. 1 . The cellular-based tissue types identified and segmented included; solid regions of cancerous tumor cells, cancerous tumor cells in a bronchoalveolar carcinoma (BAC) configuration, necrotic cells, active fibroblastic stromal tissue, inactive (hyaline) fibrosis, blood, and normal tissue.
For the manual tracing of these tissue classes, a set of definitions were established to promote consistency across the datasets. Cancer (solid) was identified as a solid grouping of cancer cells. Cancer (BAC) was defined as cancer cells following a BAC invasion pattern, which is a non-solid, alveolar pattern. Dead cells of any origin, including cancerous, were identified as necrosis. Tissue areas in which greater than 50% of the cells were fibroblasts were assigned the class of active fibrosis. Inactive fibrosis was defined as fibroblasts intermixed with collagen in which less than 50% of the cells were fibroblasts. Blood was identified as groupings of erythrocytes (red blood cells).
The task of manually tracing histology sections was extremely time consuming, with each section taking between 1 and 3 h to complete. This was a costly process as a pathologist with expertise in pulmonary pathology was required to conduct these tracings due to the complexity involved in defining the tissue boundaries. Due to the human observer component there are likely some inconsistencies in the definition of tissue type boundaries and there also exists a trade-off between the level of detail and the time required to complete the traced maps.
Automated Segmentation
A Specialized Staining Approach
Cytokeratins (CK), found in the cytoskeleton of epithelial cells, are effective in identifying epithelial derived carcinoma. Furthermore, different combinations of the 20 different forms of human CK can be used to characterize poorly differentiated carcinoma. 14 Hence CK was chosen as the immunohistochemical target for highlighting cancerous tumor cells. It should be noted that CK immunohistochemistry does not selectively target neoplastic epithelial cells (vs. normal epithelial cells); however, in this study cohort it is expected that normal, non-neoplastic cells make up an insignificant portion of the biomass, since we are almost exclusively in alveolar regions of the peripheral lung. To ensure a positive immunohistochemical staining of all the cancerous tumor cells in any NSCLC nodule, a number of CK weights were targeted. A CK cocktail was used consisting of monoclonal mouse antibodies against CK 7 (1:50, Dako Corporation, Carpinteria, CA), CK 8/18 (1:200, Abcam, Cambridge, MA), and a pan-CK antibody; AE1/AE3 (1:200, Chemicon Int, Tenecula, CA). Localization was achieved with a secondary antibody of goat anti-mouse horseradish peroxide and reacted with DAB. In order to produce the most consistent and dependable immunohistochemical staining possible an automated immunostaining system (Dako Corporation, Carpinteria, CA) was utilized. Each staining run was accompanied by a slide labeled with a non-specific IgG antibody of the same isotype and concentration as the primary antibody, to serve as a control.
Hematoxylin and variations of the Masson's Trichrome were explored for counterstaining suitability. Hematoxylin is a simple nuclear stain and hence highlighted the nuclei of all cell types present. Masson's Trichrome is a more complicated staining process involving multiple dyes for the differentiation of muscle, collagen, fibrin, and erythrocytes. The reagents for this staining technique include: Bouin's fixative, Biebrich Scarlet, Weigert's Iron Hematoxylin, Phosphotungstic-Phosphomolybdic acid solution, and Aniline Blue and when applied sequentially the resulting stain colors nuclei-black, cytoplasm-pink, erythrocytes and muscle-red, and collagen-blue. Two modifications of the traditional Masson's Trichrome counterstain were explored. The first (Mod 1) involved the exclusion of the Bouin's fixative step and the second (Mod 2) included the Bouin's fixative but excluded the Weigert's Iron Hematoxylin. Of these staining combinations, the pan-CK cocktail counterstained with the Masson's Trichrome (Mod 2) counterstain was found to produce the greatest contrast between the tissue types of interest. Of particular advantage was the increased contrast between areas of inactive and active fibrosis with dense collagen fibers stained blue and predominantly elastic type matrix stained pink. To increase the consistency of the counterstaining process an automated slide stainer, DRS-601 (Sakura Finetek, CA, USA), was used. The resulting developed staining protocol combining immunohistochemistry with a modified Masson's Trichrome counterstain required approximately eight times the processing time and was approximately six times more expensive to generate than a standard H&E slide.
Algorithm Design
The immunohistochemical staining approach was developed to increase the contrast between different tissue types with in a nodule. The chosen staining approach using immunohistochemistry (pan-CK cocktail primary) followed by a modified Masson's Trichrome counterstain produced the greatest color contrast. Automated staining equipment was utilized for the application of the developed staining approach in an effort to minimize the variation in stain intensity between sections and also between nodule datasets. While these efforts proved successful in minimizing the stain variation between sections of a single dataset, the staining across datasets varied greatly. This proved to be a significant challenge in the development of an automated segmentation approach as the variation in the staining intensity across the datasets was larger than the separation of the color-based feature set.
The developed algorithm used the Lab and HSV color spaces as features for the segmentation of the tissue types. Both these color systems differ from the RGB color space in that they were developed to more closely represent the human perception of color. The a and b axes of the Lab system mark the variation from red to green and from yellow to blue, respectively, while the third channel (L) reflects the luminance. In the HSV color model the three channels represent hue, saturation, and value (intensity). In the case of features for the classification of immunohistochemically stained samples the Lab color space is advantageous in that the luminance can be excluded and color is explained by orthogonal axes. The HSV model is preferable when a single value is desired to represent the hue in the image. Figure 2 shows an example of representation of the colors in the developed immunohistochemical stain approach, in the RGB, Lab, and HSV color space.
The large variance in the staining of the different nodule cases excluded supervised classification approaches for the segmentation of the complete, multi-nodule, immunohistochemical dataset. A k-means clustering approach was chosen as a suitable unsupervised algorithm capable of accommodating the variations in staining across the nodule datasets. 4, 5, 7 The k-means clustering algorithm attempts to optimally partitioned data into a set number of natural groups, k.
5 In general, this is achieved by initializing k centroids, c. Each point in the data is assigned to a group based on its proximity to that group's centroid. Once all points are assigned the updated centroids for each group are calculated and the process is repeated until there is no change in the location of the centroids-indicating a stable partitioning of the data into k groups. The first step in the developed segmentation approach was to use k-means clustering to segment the data into regions, using the a and b channels from the Lab color space. The Euclidean distance measure was used to determine the closest centroid for each point. To avoid the occurrence of partitions at local minima, the clustering was repeated five times. At each repetition, the total distance from all points to their centroid was calculated and the partition result with the lowest total distance was chosen.
The number of groups, k, was initialized by the user but was restricted to either 3 or 4 groups. All complete histopathological slides contained at least three tissue classes along with background data (k = 4). However, not all the small sample images used for validation contained background pixels (k = 3). All the histopathological slides in the dataset contained cancerous tumor, inactive fibrosis, and active fibrosis. The color separation of these tissue types, based on the devised staining approach, was the greatest and hence directly correlated to the partitioning of the cluster algorithm. However, the labeling of the regions output from the k-means clustering algorithm was randomly assigned and bore no reference to the properties of the feature set. Hence, a hue-based labeling step was created to assign labels based on the mean hue of the regions.
The mean hue for each region identified by the k-means clustering algorithm was calculated and these values sorted in descending order. The region with the highest mean hue was assigned a ''mixed'' class label with a pixel value of 1. ''Active fibrosis'' and ''inactive fibrosis'' class labels were assigned to the following ranked hue values and identified by pixel values of 2 and 3, respectively. Finally, if a k of 4 was selected, the lowest ranked region based on mean hue was assigned to ''background,'' with a pixel label of 4. This process is summarized in Fig. 3 .
The accurate labeling of the cancerous tumor tissue was deemed the highest priority for the automated segmentation technique; however, based on the k-means clustering approach, the blood and cancerous tumor pixels were grouped together. A second-pass labeling approach was incorporated to further classify the mixed class into cancerous tumor and blood. A binary mask image was created containing only pixels with a ''mixed'' tissue type label. This binary mask contained many sub-regions, most of which corresponded to cancerous tumor and a few of which corresponded to red blood cells. Connected component labeling was used to assign new labels to each of these individual regions. For each new region the mode of the a channel (from Lab color space) and the area was calculated. Regions with a mode a value greater than 0.65 and an area greater than 5 pixels were assigned as ''red blood cells'' and given a pixel value of 5 in the original label image. The threshold of 0.65 for the mode a value separating the cancerous tumor and blood classes was empirically determined by locating the average minima of the mode a histogram from a number of sample images.
Mode filtering with a two-by-two neighborhood was applied to the final labeled image so that single pixel regions were removed. Some degree of smoothing of the image was desired as many single pixel regions would disrupt the further analysis of the dataset. For illustrative purposes, each label in the resulting segmented dataset was assigned the same color as used for the manually segmented result, making the distinction between classes clearer to view.
For validation purposes, a testing set was created. Twenty-five test sample images were randomly selected throughout the complete, multi-nodule immunohistochemical dataset. Two surgical pathologists (J.W. and A.B.) manually traced the tissue types present in the test samples using the Intuos graphics tablet and pen. The test sample images were limited to 200 by 200 pixels so that a high level of detail could be obtained through manual tracing, in approximately 15 min per sample image. Figure 4 illustrates five example cases from the testing set. This figure illustrates the five stained sample images as well as the corresponding three segmented images, achieved through manual tracing by Observer 1, manual tracing by Observer 2, and the result of the automated segmentation approach. The testing set permitted not only the qualitative comparison between the segmentation approaches (as reflected in Fig. 4 for five images) but also a qualitative assessment using confusion matrices.
RESULTS
The developed algorithm effectively overcame the challenge of accommodating different staining intensities across datasets and was able to successfully segment cancerous tumor, inactive fibrosis, active fibrosis, and blood using the developed immunohistochemical staining approach. The approach was time efficient, delivering a segmentation result for a complete histopathology section in less than 1 min. Figure 5 illustrates the automated segmentation result for two sample slices, from two different nodule cases.
Confusion matrices were generated for the evaluation and comparison of the observer performances and the automated generated segmentation based on the validation testing set. The confusion matrix compares the classification via two methods and clearly illustrates the percentage of pixels in the testing set for which an agreement of tissue class label was achieved (percentages along the diagonal of the matrix). Perhaps more insightful is the illustration of the percentage disagreements between classifications. This can be useful in highlighting tissue classes which are challenging to distinguish from each other. Three matrices were generated, comparing the classification from Observer 1 to Observer 2, Observer 1 and the automated result and Observer 2 and the automated result (Table 1) .
Classification accuracies can be easily determined from the confusion matrices by summation across the diagonal. The comparison of the two observer tracings to each other revealed an accuracy of 73% between the pixel classifications across all tissues. An accuracy of 72% was found between the pixel classifications of Observer 1 and the automated result and 69% between Observer 2 and the automated result.
The relative sensitivity and specificity for the classification of each tissue class was also calculated. FIGURE 5 . Examples of the automated classification approach applied to large-scale data, for two different adenocarcinoma cases. The complete cross-section of the nodule was stained and digitized (left) with an original magnification of 203, and the automated classification approach was applied to the complete field of view, allowing the segmentation of the complete nodule cross-section to be displayed as a color coded map (right). Case 1 (top) showed strong immunohistochemical staining of the cancerous tumor regions, while Case 2 (bottom) had much weaker immunohistochemical staining of cancerous regions. However, the clustering-based automated segmentations technique was able to adapt to this staining variation and produce an accurate segmentation for both datasets in less than 1 min.
Sensitivity is mathematically defined as the number of true positives divided by the number of true positives plus the number of false negatives. Hence, sensitivity was calculated as the agreement between the two assessment methods (number of pixels labeled by both methods as the same tissue class) divided by the total number of pixels assigned to that tissue class by either one or both of the assessment methods. Specificity is mathematically defined as the number of true negatives divided by the number true negatives plus false positives. Comparable sensitivity and specificity results were obtained using the automated segmentation technique when compared to the manual tracings. The average sensitivity and specificity, with standard error, of the segmentation result for each tissue type class are graphed in Figs. 6 and 7. The percentages along the matrix diagonal show the agreement between the two approaches, and hence the summation along the diagonal reveals the accuracy. The accuracy was 73% between Observer 1 and Observer 2; 72% between Observer 1 and the automated approach and 69% between Observer 2 and the automated result. The repeatability of the automated segmentation approach was also tested by repeatedly running the algorithm, six times over the testing set and comparing the confusion matrices. A standard error of 0 ± 0 pixels was found for all tissue classes, for all test images indicating 100% repeatability of the algorithm.
DISCUSSION
We have presented a manual and an automated methodology for generating detailed volumetric histopathology segmentations for lung cancer nodules. The segmentations of the nodules are designed to highlight, both visually and quantitatively, the relative proportions and distributions of a variety of histological tissue types commonly present.
The described specialized staining approach combined immunostaining, targeting multi-weighted CK with a modification of a classic Masson's Trichrome counterstain. This stain approach resulted in a high level of color contrast between with histological tissue classes for segmentation, including cancerous tumor (maroon), red blood cells (red), active fibrotic tissue which was identified as predominantly elastic type matrix (pink), and inactive fibrotic tissue consisting of dense collagen fibers (blue), highly suited to computer controlled segmentation of these tissues. A weakness of the presented staining is the variability in stain intensity present across the lung nodule cases, largely due to the specific tumor binding of the multiple antibodies against various weighted CK. This weakness in the staining approach was overcome through the selection of a clustering approach for the automated segmentation algorithm. The preparation of slides with this staining technique, as opposed to standard H&E processing, requires significantly longer processing time as well as more expensive reagents. However, for research purposes the advantages of automated segmentation of these data outweigh the added time and expense for slide preparation. The incorporation of a strategy based on this technique into the clinical environment may assess these advantages and disadvantages differently.
The possible methods for the automated segmentation of data are extensive, each with specific advantages and limitations. The clustering approach utilized as the basis for the segmentation of the tissue types was advantageous, as this technique delivered consistent results despite a variation in staining intensity. In addition the segmentation was not reliant on training data. Training data are used for supervised segmentation approaches, and requires an extensive dataset in which labels have been assigned. For the automated analysis of histological data, generating a labeled training dataset, which accurately depicts the wide variety of nodule cases and staining variations, is not practically conceivable and the assignment of labels would likely have to be performed manually by a human observer. Therefore, the unsupervised approach of clustering, which avoids the reliance on any a priori knowledge about the tissue types, is a great benefit.
The performance of the automated approach was compared to that of two surgical pathologist observers who manually traced tissue regions. It can be seen in the analysis of the segmentation results generated by the two pathologists (Fig. 4 and Table 1 ) that the task of segmenting tissue types is subjective. Comparable accuracy, sensitivity and specificity levels were achieved between the automated segmentation and the two observers. Additional advantages of the automated approach over manual tracing involved a consistent and repeatable result performed in a decreased processing time. The segmentation of a digitized slide took between 1 and 3 h for manual tracing and less than 1 min for the automated result.
Along with the advantages the developed approach also has limitations. The algorithm was developed to segment malignant lung nodules and is dependant on the assumption that at least three tissue types are present within the nodule. This assumption is built upon a priori knowledge of tissue composition of lung cancer nodules and has performed effectively for the cases examined to date; however, it is a potential limitation of the algorithm. In particular, this algorithm would not perform appropriately if presented with a benign nodule case.
The current established method for acquiring human lung cancer nodules is from patients undergoing surgical resection via lobectomy, of a biopsy diagnosed cancerous nodule. Hence, our current protocol does not provide access to non-cancerous nodules. Modifications to this protocol are planned for the future to broaden the scope of nodule cases to include non-cancerous as well as cancerous nodules, for which a first-pass categorizing step will be added to the protocol to determine whether the nodule is cancerous or non-cancerous.
A second limitation of the developed automated segmentation algorithm approach is the inability to segment necrosis and normal airway and vessel wall tissues. At this time, the current interest lies in the cancerous and fibrotic tissues and hence the algorithm is applicable for this purpose. Recently, the necrotic portion of the tumor has been linked to prognosis and hence further development of our automated segmentation approach will be conducted to improve the distinction of necrosis. 6 Texture analysis, with or without adjustments to the staining protocol, will be explored for this modification.
The developed segmentation approach assists in quantifying histological content of lung cancer nodules in a consistent, reliable, and time efficient manner with similar accuracy to expert human observers. This approach will be highly useful in future studies exploring the prognostic significance of the histological tissue type compositions in lung cancer as well as presenting the opportunity to quantifiably examine the relationship between tissue types.
